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Abstract
There is no denying that Donald Trump’s speaking style is entertaining but what about his linguistic style? There is
a plethora of studies about gender differences in language used by politicians but only few have used tweets for
analysis. Unlike traditional methods, big data offers new possibilities of mining large-scale material for research. In
this contribution, we make use of web scraping to collect the tweets (N=3,239) by Donald Trump prior to his election
as president. To determine his linguistic style, we devised our own dictionary that contained both feminine and
linguistic markers. The code for sentiment analysis was tweaked to yield a femininity score. Our analysis of his
tweets tells us that indeed Trump has a natural feminine linguistic style. However, our findings from our analysis of
some of his campaign speeches suggest otherwise.
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Introduction

With advancements in big data, social
scientists have been able to tap into social
media data and automatically evaluate the
subtleties of linguistic style (Pennebaker et
al., 2003). Using exploratory word pattern
analysis, mathematical models are able to
identify and cluster words and topics most
predictive of gender. For example, Argamon
et al. (2007) used blogs as data to identify
gender–linked words. They observe that
articles and prepositions are used
significantly by male bloggers while personal
pronouns, conjunctions, and auxiliary verbs
are associated with female bloggers. While
they mainly tried to predict for personality
using Facebook statuses as data, Schwartz et
al., (2013) also noticed that articles and
anger words are highly associated with male
users while emotion and first-person
singulars with female users. Rao et al.,
(2010) support this result using Twitter data,
suggesting that females are more prone to
use emoticons, ellipses, and repeated and
puzzled punctuations compared to their
male counterparts.

TRUMP TALKS LIKE A WOMAN?
Trump may exude masculinity in
appearance but he is feminine when he
talks. In an analysis of linguistic styles of the
2016 presidential candidates, Trump, with
his heavy usage of articles and prepositions,
ranked first with the most feminine way of
communicating to his audience (Sedivy,
2016). Linguistic style, as defined by Jones
(2016b), is how a person communicates and
not about the substance of what is being
conveyed by the speaker.
Lately, there is a growing interest among
social and computer scientists in employing
language as a predictor of latent
demographic variables, such as age, gender,
personality, and political orientation. In
particular, the link between word usage and
gender has been extensively studied. In their
study about female and male writing styles,
Argamon et al., 2003) find that female
writers use more pronouns while male
writers opt for noun specifiers. Using 20
years of Congressional speech (1989-2008),
Yu (2014) arrives at contradicting results and
observes that female legislators heavily use
long words and rely less on pronouns while
male legislators tend to include more
articles in their speeches. In her analysis of
the evolution of Hillary Clinton’s linguistic
style, Jones (2016b) looks at function words
(e.g. articles, prepositions, pronouns, and
auxiliary verbs) and believes that females,
on average, use more pronouns, verbs and
auxiliary verbs, social, emotional, cognitive,
and tentative words compared to men who
heavily use nouns, big words, articles,
prepositions, anger, and swear words.

The linguistic style of a candidate is typically
overlooked as something that can influence
perception of a candidate. However,
language style is hardly neutral despite its
subconscious and subtle nature. According
to Pennebaker et al. (2003,p.572), “word
usage’s impact is processed in a low or
nonconscious level by the listener”.
Language style is strategically manipulated
by candidates to achieve power (Jones,
2017). In politics, a highly masculine style of
interaction is the predominant manner of
communicating (Yu, 2014). For example,
female Republican candidates are rated
higher in competency and are seen as
possessing
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leadership ability if they are portrayed as
masculine by the media (Hayes, 2011). This
is why female candidates aspiring to be in
power hardly adopt a feminine style of
communication and with or without
realizing it, internalize a masculine manner.

yield a femininity score for tweets. Our
analysis shows that there is statistical
evidence that Trump’s tweets are feminine
in linguistic style. Finally, we link our findings
to an analysis of five campaign speeches and
his address to the Congress for comparison.

Drawing from the previous literature, it
seems that adopting a feminine linguistic
style is disadvantageous to a female
candidate. However, what is interesting to
note is that a feminine linguistic style is not
detrimental in itself. Voters can prefer a
feminine linguistic style but with a male
candidate (Jones, 2016a). Hayes (2011)
discovers that voters like it when candidates
play against stereotype. Male Republican
candidates who were portrayed as
compassionate and empathetic—traits that
are associated with femininity and in
contrast to their traditional party image—
have more electoral advantage. This
potentially could have worked to the
advantage of Donald Trump in his campaign
and to the disadvantage of Hilary Clinton
who gradually transitioned to a masculine
style in her struggle to the presidency
(Jones, 2016b).

Materials and Methods
DATA COLLECTION AND PROCESSING
Web scraping through API
There are various forms of data retrieval
from the Web, however we opted for a
method that employs web services such as
an Application Programming Interface (APIs)
and a related authentication standard
(OAuth). Although APIs is a broad collection
of tools for mining the Web for data, here
we refer to them as “interfaces with web
applications.” (Munzert, 2015) A very simple
way of defining APIs is that it is a system
wherein it links programmers and their
software to connect with “something else”,
which most of the time is an application, so
that the API user can request data (Fazekas,
2017).
Using APIs for web scraping is both efficient
and useful. Unlike web scraping through
HTTP, the type of information that web
developers can extract from the Web is
predictable. In addition, more and more
applications (e.g. Facebook, Twitter and
Vkontakte) offer APIs for retrieving and
processing data. APIs are growing in
popularity as applications realize that data
on the Web are both a source of additional
revenues and interest for web developers.

Here, we aim to replicate Jones's (2016a,
2016b, 2017) study on linguistic style by
using some of the linguistic markers, with
particular focus on function words,
identified in the literature. We inquire about
the linguistic style employed by Donald
Trump, not by analyzing traditional textual
data (e.g. debate and interview transcripts
and speeches) but by relying on tweets as
our unit of analysis.
This study is divided into four sections. In the
next section, we describe what web scraping
through APIs is and why we choose tweets
as our data. This is followed by our analysis
of tweets. We modify the existing sentiment
analysis code in R to

The process of collecting data through APIs
is simple compared to other web scraping
methods. First, the API provider provides a
service that allows for the data from the
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application or the application itself to be
accessed. Second, the API user, with the API,
seeks permission from the application to
access and collect data (Munzert, 2015). The
data gathered can be in various formats
such as JSON, XML, HTML, or CSVs. In the
case of Twitter, data is collected in JSON
format.

needed before being able to proceed to web
scraping. In our case, we secured our API
key, API secret, token, and token secret

by building an application on the Twitter
Application Management website. This
serves as a form of request to the Twitter
developers to access to an archive of public
tweets.

There are standardizations of APIs. The
standardization of APIs help programmers
get familiar with the mechanics of an API
quickly (Munzert, 2015). The two most
popular are Representational State Transfer
(REST) and Simple Object Access Protocol
(SOAP). We make use of the former as it
treats resources such as conversations on
Twitter as something that can be
represented in the form of HTML, XML, or
JSON file (Munzert, 2015). Usually, when
one requests for the web content using a
REST API, the user is simply provided with
the content and not the layout information.

Why Twitter?
To answer our research question, we used
Donald Trump’s tweets as data. Among the
social media websites, Twitter is the most
conducive for web scraping because it has
an API that allows information or endpoints
such as tweets, entities, users, direct
messages, and places to be collected (“Rate
Limiting — Twitter Developers,” n.d.).
Twitter has two types of APIs: REST and
Streaming. The latter is commonly used for
downloading tweets real time. Since our
study only focuses on previous tweets of
Donald Trump, we employ the REST API.

APIs is almost accessible to everybody but a
few web applications require API users to
register by providing an individual key. This
is better known as authentication.
Authentication is one way of restricting
access to the application and of tracing data
usage. The standard authentication required
by APIs is called OAuth.

Twitter is also reliable as a source of data.
Firstly, its APIs did not drastically change
even though the extended tweets1 have
been recently implemented. It is also
accessible and privacy issues are not a
problem because most Twitter profiles, such
as Donald Trump’s, are public.

OAuth requires three credentials before
granting temporary access to the web data.
They are the following: client credentials
(consumer key and secret), temporary
credentials (request token), and token
credentials (access token) (Munzert, 2015).
These credentials make sure that access to
the data owner’s information is legitimate.
In the case of R tapping APIs, registering an
application at the provider’s homepage is

Description of Data
The reason for choosing tweets instead of
the usual campaign speeches is that the
former is more spontaneous and publicly
available. Twitter falls under informal
communication because it does not have

1

counted as characters in a tweet. For more
information,
please
visit:

The maximum number of characters per tweet is
140. Before the tweet expansion, replies (@s), GIFs,
URLs, and quotes consumed the 140. Now, Twitter
developers have implemented an expansion wherein
replies and media attachments will no longer be

https://developer.twitter.com/en/docs/tweets/tweet-updates.
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editorial control (Argamon et al., 2007). It
offers the opportunity to observe

Most researches rely on qualitative methods
that involve human

judges to extract multi-layered meanings of
what a speaker says. An alternative method
is the word pattern analysis that is more
bottom-up and data-driven in its approach.
A lexicon of words and a cluster of topics
emerge based on the large samples of text
collected. A more typical approach of
analyzing language is counting word usage
that is guided by pre-chosen categories of
language (Schwartz et al, 2013). This is
known as the word count strategy. The
Linguistic Inquiry and Word Count (LIWC)
that Jones (2016a, 2016b, 2017) used to
determine the stylistic aspects of language
of US presidential candidates falls under this
method. The LIWC contains 2,300 words
that have been previously clustered by
independent judges into 70 dimensions (e.g.
linguistic, psychological, traditional content
words). Like all text analysis programs that
rely on word count, the LIWC is unable to
consider the context and multiple meanings
of words (Pennebaker et al., 2003).
However, this shortcoming is offset by the
assumption that word usage is independent
from the formality of the setting.

individuals in a natural context (Schwartz et
al., 2013). Campaign speeches are also more
refined compared to tweets. Because of the
more relaxed environment of Twitter, it
would yield an interesting comparison
between Trump’s linguistic style inside and
outside of the strictures of politics.
Initially, we wanted to analyze Trump’s
tweets from 16 June 2015 to 21 January
2017 because these are the dates of the
announcement of his candidacy and his
inauguration respectively. However, Twitter
puts a cap (3,200) to how much tweets you
can download from a user’s account. This
restriction is not present with Twitter’s
SEARCH API which allows a download of
tweets as early as 2006. Unfortunately, the
SEARCH API is not applicable to this study
because we were only interested in one user
and not in a subset of tweets of the entire
Twitter universe. With this limitation, we
decided drop our initial time frame for the
tweets we were able to download. The most
recent tweet is from 20 April 2017 and the
latest is from 9 April 2016.

In this study, we adopt the word count
strategy. Prior to analyzing the linguistic
style of Trump, we drafted our own initial
dictionary that contained 108 feminine and
689 masculine linguistic markers. Jones
(2016a, 2016b, 2017) used the existing
dictionary from the LIWC software.
However, we did not have access to this
software. Instead, we used some of the
available linguistic markers from preexisting literature, with a particular focus on
function words. Traditionally, function
words are removed in content analysis,
however there is value in maintaining them
(Jones, 2017). Function words are the most
frequent words we use to communicate.

Prior to cleaning, our text corpus contained
3,239. This was reduced to 2,614 after
manually removing tweets that begin with
“RT”, quotation marks, and hashtags. We
deleted these tweets because they were just
retweets and did not contain content that
can be of use to the analysis. The GSUB
function in R was also employed to convert
the text of the tweets into lower case and to
remove @s (mentions), digits, punctuation
marks, and URLs.
Data Processing
According to Pennebaker et al. (2003), there
are various ways of analyzing language use.
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Because they naturally occur, they reflect
how the individual organizes and structures

Results and Discussion
one’s thoughts (Pennebaker et al., 2003;
Jones, 2017). Function words are also useful
in detecting linguistic style. Men and
women speak differently using function
words (Jones 2016a). We also include a list
of significant pronouns, as suggested by
Argamon et al. (2003), to our dictionary.

Our analysis tells us that Trump’s tweets can
be classified as having a feminine linguistic
style. For the overall tweets, the mean of the
femininity score is 0.1 (N = 2,614, SD = 1.99)
where the tweet that is most feminine
contains eight markers. The low value of the
mean could be attributed to more masculine
words in our dictionary and the lack of
variation in length for every tweet. Despite
this, Trump’s tweets still appear as feminine.

As for anger and swear words, we
downloaded a list provided by Parker (2016)
and McLaren (2010). For tentative words,
we searched for the synonyms of those
provided by Jones (2016b). All of these
linguistic markers were combined in one
dictionary and classified as feminine or
masculine.

Table 1 Means and standard deviations of feminine
score for overall tweets (N=2,614)

To determine the femininity of Trump’s
tweets, we use the R code for sentiment
analysis. Computing for the sentiment of a
text is usually done by obtaining the
difference between the positive and
negative terms in the text (Munzert, 2015).
However, we tweaked the code to give us
the femininity score. The femininity score is
given by computing the difference between
the number of feminine words and
masculine words in a tweet. A tweet to be
classified as feminine needs to have more
feminine linguistic markers. To be specific, a
tweet with a feminine score greater than
zero (> 0) is considered feminine and a tweet
with a feminine score that is less than zero
(< 0) is treated as masculine. Afterwards,
two subsets are created for tweets with
feminine scores greater than and less than
zero to identify the commonly used markers
in each group. Those tweets with a score of
zero or classified as neutral because they do
not contain any charged terms are dropped
from the two subsets (Munzert, 2015).

Variable

Min

Max

Mean

Standard
Deviation

Trump score

-7.00

8.00

0.1

1.99

To check whether the overall mean of the
tweets is statistically different from zero,
which indicates a score that is neither
feminine nor masculine, we conduct a one
sample t-test. Statistical analysis indicates
that there is moderately strong evidence
that Trump’s overall tweets is feminine, t
(2,613) = 2.54, p = 0.01.
We also created a corpus out of the tweets
and converted them into a term document
matrix to determine the most frequent
words in the overall tweets. Figure 1 plots
the commonly used words by Trump in his
tweets. As it can be observed, the most
frequent words in the tweets are function
words. The word “the” appears many times
in Trump’s tweets, followed by “and”.
According to Kress and Fry (2012), “and” and
“the” are two most frequent function words
in the English language.
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As mentioned in the previous section, we
Figure
2

Figure 1 .Commonly used words by Trump in his tweets

illustrates that the socially-oriented
pronoun “you” and the auxiliary verb “will”
appear as the two most frequently
mentioned words in tweets with feminine
scores greater than zero. These two function
words are treated as feminine linguistic
markers by Jones (2017).

created subsets for the tweets with
feminine scores and masculine scores. The
same process was applied for the two
subsets, except for the “tm_map” function
to remove words “amp”, “and”, “make
America great again” and “the”. The reason
for this omission is that “amp” lacks
meaning and “make America great again” is
just a hashtag. “And” and “the” were the
most frequent in both feminine and
masculine tweets, hence we removed them
as distinguishing markers even if Jones
(2016) classifies “the” as an article
associated with a masculine linguistic style.
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In our dictionary, masculine words
outnumbered feminine linguistic markers
due to the presence of around 400 swear
words. One way of addressing this
imbalance in the number of feminine and
masculine words is to attach weights to
feminine words. For example, the
coefficient of the feminine word should be
multiplied by six if the initial proportion of
feminine and masculine words was 1:6.
However, we noticed that swear words were
not commonly used by Trump in his tweets.
We decided to remove the swear words
from our initial dictionary and were left with
108 feminine words and 141 masculine
words. Removing the swear words made our
dictionary more balanced in terms of both
linguistic markers.

Figure 2. Frequent words founds in tweets with
femininity scores > 0

Figure 3 shows the commonly used words in
tweets that received a feminine score less
than zero. With the exception of “will”, the
preposition “for” and the first-person plural
pronoun “our” are the most present
masculine markers. It can be observed that
prepositions (e.g. about, with, from) are
more visible in tweets with feminine scores
less than zero. This is consistent with Jones
(2017) findings but not with Agramon et al.
(2007) where preposition-usage is linked
with female bloggers.

We checked whether reducing the number
of masculine words in our dictionary affects
our findings. Our analysis yields the same
results that used the dictionary with the
more masculine words.
DATA LINKAGE
To validate our results, we link them to
Trump’s campaign speeches. Fortunately,
his campaign speeches can be found on the
website of the American Presidency project.
We randomly selected five speeches and
merged them into one CSV file. Each line of
the speech was treated as an observation (N
= 551).
In the CSV file, we manually deleted rows
that begin with “audience” or “audience
member”. After this, the GSUB function was
applied to the data to get rid of punctuation
marks, digits, and to convert the text into
lower case. Once the data was clean, we ran
our analysis using our modified code to
compute for the femininity score (see Table
3). Contrary to our findings using Trump’s
tweets, his

Figure 3. Frequent words found in tweets with
femininity score < 0
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linguistic style in his speeches can be weakly
described as masculine.

It is hard to determine Trump’s linguistic
style using campaign speeches because he
partly reads from the teleprompter and
partly improvises. Trump is known not to be
a fan of teleprompters in delivering
campaign speeches. Maybe this is the
reason why our findings for his campaign
speeches are not convincing to label his
linguistic style as purely masculine.

Table 2 Means and standard deviations of
feminine score for overall speeches (N=551)
Variable

Min

Max

Mean

Standard
Deviation

Trump score 1

-11.00

14.00

-0.19

3.11

To have a more valid comparison, we
downloaded a transcript of his first address
to the Congress. According to Atkins (2017),
Trump, for the first time, read from a
teleprompter as it was evident that his tone
was uncharacteristic of him.

The skewness is 0.45 which means that we
have more observations that contain
masculine words compared to observations
with feminine words. Also, the observed
mean is close to zero. Our one sample t-test
suggests that the mean femininity score for
Trump’s speeches is less than zero, however
there is weak evidence that Trump’s
linguistic style transitions to a more
masculine tone in his speeches, t (550) = 1.47, p = 0.93.

We use our revised dictionary in our analysis
to determine his linguistic style when
reading from a teleprompter. It turns out
that his address is clearly masculine
compared to his campaign speeches, t (89) =
-4.85, p<0.05. Here we witness the clear
switching of Trump to a masculine linguistic
style when he does not stray from the script
by his speechwriters.

Figure 4 shows the commonly used words in
the selected five campaign speeches. The
most frequent words (e.g. our, you, for)
mentioned in the speeches are classified as
masculine markers. Although there are also
frequent feminine words present such as
“will”, “have”, and “are”.

Table 4 Means and standard deviations for
feminine scores for address (N=90)
Variable

Trump score 2

Min

Max

Mean

Standard
Deviation

-14.00

13.00

-2.51

4.91

Conclusions and Limitations
The analysis of Trump’s tweets gives us the
finding that his linguistic style is feminine in
a spontaneous setting. This does not come
as a surprise. In Sedivy’s (2016) article, Jones
ranks Donald Trump as the most feminine
speaker. However, when our main findings
are validated using electoral speeches, the
analysis yields a feminine

Figure 4. Commonly used words in Trump's
selected speeches
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score less than zero. It could be the case
Trump adjusts his linguistic style according
to context. According to the gender
accommodation
theory,
individuals
unconsciously change their communication
style depending on the context and who
their audience is (Yu, 2014). This is usually
done to gain social favor from a specific
audience.

if possible. However, more and more
researchers are tapping into social media
data as it is proving to be a valuable venue
for research, especially that social media
offers a bigger sample that is readilyavailable for analysis (Agramon et al., 2007;
Burger et al, 2007; Schwartz et al., 2013).
For future research, we suggest the following.
Firstly, we recommend a longer time frame for
the analysis. Having a wider time frame could
produce longitudinal data wherein one could
plot the trend in Trump’s linguistic style,
whether his feminine style is innate or acquired
after his candidacy. Our intuition also tells us
that a bigger sample size to analyze could
potentially make the difference between the
feminine and masculine markers more
pronounced. But in order for this to be feasible,
one must bypass the rate limits for the REST API
by Twitter.

Our study is not conclusive but merely
suggestive for four reasons. First, we did not
have complete access to the dictionary of
words associated with femininity and
masculinity from the LIWC. This could have
biased our results by failing to detect other
feminine or masculine words in both tweets
and speeches. We tried to remedy this by
including function words which Jones (2017)
emphasized as the key to distinguishing a
feminine from a masculine linguistic style.
Second, Jones (2016)used a ratio to measure
femininity of linguistic style. Compared to
Jones’s method of computing for the ratio
between the sum of feminine and masculine
markers, ours was rudimentary because we
merely instructed R to compute the
difference between the number of feminine
and masculine words in a tweet. The
tradeoff for this simplicity is that we are
unable to show how much feminine markers
are in a tweet as compared to the masculine
markers. Third, the rows in our speech
analysis were not of uniform length. We
believe this affected our results because it
could be the case that a longer sentence will
have more feminine words or masculine
words compared to a shorter sentence.
Finally, tweets could be unreliable as data
for an analysis of gender difference.
According to (Yu, 2014), short texts as
samples are a problem because they give
imprecise
measurement
of
gender
difference. This is why it is always wise to
verify results using structured data,

One way of getting around this API limit set by
Twitter is to use the “tweePy” package in
Python. Another way is by using the STREAM
API, however this does not provide the needed
subset of tweets, especially if one wants to focus
on a single user. Secondly, it is important to build
a more comprehensive dictionary of linguistic
markers associated with femininity and
masculinity. This is crucial for a more accurate
detection of linguistic markers in texts. Lastly, it
could be better to analyze speeches that have
normalized length of lines as observation so as
not to have skewed results.
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